The National Sample Survey Organisation (NSSO) surveys are the main source of official statistics in India and generate a range of invaluable data at the macro level (e.g. state and national level). However, the NSSO data cannot be used directly to produce reliable estimates at the micro level (e.g. district or further disaggregate level) due to small sample sizes. There is a rapidly growing demand of such micro level statistics in India as the country is moving from centralized to more decentralized planning system. In this article we employ small area estimation (SAE) techniques to derive model-based estimates of proportion of indebted households at district or at other small area levels in the State of not possible to produce estimates using sample data alone. The model based estimates generated using SAE are still reliable for such areas. The estimates are expected to provide invaluable information to policy-analysts and decision-makers.
Introduction
In recent years, the thrust of planning process has shifted from macro to micro level. There is demand by the administrators and policy planners for reliable estimates of various parameters at the micro level. In view of the demands of modern time the thrust of research efforts has also shifted to development of precise estimators for small areas. An offshoot of this development is that various small area estimation techniques are being proposed by the researchers for implementation. In India there is great emphasis on district level planning.
For example, the efforts to develop databases required for planning and decision-making at lower than the State level, were initiated quite some time back with the Planning Commission of Government of India setting up a "Working Group on Districts planning" in September, 1982. The Working Group in its report clearly highlighted the data requirement for planning and decision-making at the district level. However, it was found that though a lot of data are collected, processed and published for the country as a whole or for individual states, not much disaggregation of the data for sub-state level is done.
India has been in an advantageous position due to availability of regular data through National Sample Survey Organisation (NSSO) surveys. The NSSO surveys are planned to generate statistics at state and national level. There is no regular flow of estimates at further below level, e.g., at the districts level. Indeed, the NSSO surveys provide reliable state and national level estimates; they can not be used to derive reliable direct estimates at the district level owing to small sample sizes which lead to high levels of sampling variability (see [7] and [8] ). Due to the lack of statistics at this level, proper planning, fund allocation and also monitoring of various plans is likely to suffer.
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Although in the Indian context, 'district' is a very important domain for the planning process, we do not have surveys to produce estimates at these levels. At the same time, it is also true that conducting any such surveys aimed at this level is going to be very costly and time consuming job. Using the state level survey (e.g., NSSO surveys) data to derive the direct estimates at district or smaller domain level, we may end up with very small sample sizes in these domains which may result in very unstable estimates for these domains. A solution to this problem is to consider small area estimation (SAE) techniques. The SAE techniques aim at producing reliable estimates for such domains with small sample sizes by borrowing strength from data of other domains. The SAE techniques are generally based on model-based methods. The idea is to use statistical models to link the variable of interest with auxiliary information, e.g. Census and Administrative data, for the small areas to define model-based estimators for these areas. Such small area models can be classified into two broad types:
(i) Area level random effect models, which are used when auxiliary information is available only at area level. They relate small area direct estimates to area-specific covariates (Fay and Herriot [4] ) and (ii) Nested error unit level regression models, proposed originally by Battese, Harter and Fuller [2] . These models relate the unit values of a study variable to unit-specific covariates.
We adopt the area level model since covariates are available only at the area level. In illustrates how the NSSO and Census data can be combined to derive reliable estimates for the proportion of indebted household at the district level. The rest of the paper is organised as follows. In Section 2 we describe the data used for the analysis and in Section 3 we present an overview of the methodology used for the analysis. Section 4 discusses the diagnostic procedures for examining the model assumptions and validating the small area estimates and describes the results. Section 5 finally sets out the main conclusions.
Data
In this article we adopt an area level small area model to derive the small area level estimates (see [4] ). Two types of variables are required for this analysis. Out of these, suitable covariates were selected for the analysis as follows. We first examined the correlation of all these covariates with the target variable and then selected the covariates with reasonably good correlation with the target variable. This was followed by step-wise regression analysis. Finally, two variables the Crop loan distributed (Indian Rupees in lakhs) in Rabi season (Rabi) and Female Agricultural Labor (AL_F) were identified for the further analysis which significantly explained the model.
The sampling design used in the NSSO data is stratified multi-stage random sampling with districts as strata, villages as first stage units and households as the second stage units.
There are total of 11,814 households (i.e. number of surveyed households which includes both indebted and non-indebted households) from the 69 districts of the Uttar Pradesh. The average land holding size is 1.41 hectare. The district specific sample size varies from 55
to 340 with average sample size of 171. The district specific sample size becomes very small if we consider further sub-grouping of the districts (e.g., district by land holding classes). Based on land holding size in hectare (hereafter ha) the households are classified into five different holding classes as set out in Table 1 . These are the standard classification of land holding classes in India.
Our aim is to estimate proportion of indebted households at district level for different land holding classes as well as for all classes combined together. Therefore, we define different districts (Cat0) and districts by land holding classes (Cat1-Cat5) of the State of Uttar Pradesh as the small areas of interest, see Table 1 for the definition. The district and 4 district by land holding class-wise sample sizes for the NSSO data used in this analysis are presented in Table 2 . The most striking point in Table 2 is that the sample size 0 and 1 can be seen in many districts or small areas. For example, category 5 (Cat 5) has 9 districts with sample of size 0. For these districts it is not possible to generate the direct estimates using tradition sample survey estimation approaches. Among the six categories defined above, the last three categories Cat3 to Cat 5 have very small average sample sizes (averaged over the different districts) of 18, 9 and 3 respectively. Further, there are many other districts in Cat 4 and Cat 5 with sample of size 1. It is again difficult to derive reliable estimates and their standard errors for such districts. Indeed, SAE is an obvious answer to these problems.
The SAE techniques provide reliable estimates for the districts having small or even no sample data ( [8] ). The underlining theory of SAE has been illustrated in next Section.
An overview of the methodology
We now set out the small area estimation techniques used to produce the model-based estimates and their measure of precision. To start, we first fix our notation. Throughout, we use a subscript d to index the quantities belonging to small area , where is the number of small areas (or areas) in the population. The subscript s and r are used for denoting the quantities related to the sample and non-sample parts of the population. So that and represent the sample and population sizes in small area , respectively. [3] , [6] and [9] ) given by
where β is the k-vector of regression coefficient often known as fixed effect parameters and is the area-specific random effect that accounts for between area dissimilarity beyond that explained by the auxiliary variables included in the fixed part of the model. We assume that 's are independent and normally distributed with mean zero and variance
Under model (1), we get
It is evident that model (1) 
Often we come across the situations when small areas do not have sample data at all (Table   1 and 
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An estimate of proportion of indebted households d p in a small area d is obtained as
Similarly, for areas with , proportion is estimated by 0
It is obvious that in order to compute the estimates given by equation (4) to (7) φ to estimate these unknown parameters. Detailed description of the approach can be followed from [6, 9] .
We now turn to estimation of mean squared error (MSE) for predictors given by equation (6) and (7). The MSE estimates are computed to assess the reliability of estimates and also to construct the confidence interval (CI) for the estimates. The mean squared error estimate of (6) under model (1) is (see [6, 9] ) given by
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The first two components m 1 and m 2 constitute the largest part of the overall MSE estimates in (8) . These are the MSE of the best linear unbiased predictor (BLUP)-type estimator when φ is known ( [8] ). The third component m 3 is the variability due to the estimate of φ.
For simplicity, we used few notations to write the analytical expression of various components of the mean squared error (8) . We denote by
, the diagonal matrices defined by the corresponding variances of the sample and non-sample part respectively. Similarly, we define 
With these notations, assuming model (1) holds, the various components of equation (8) are
, and
Here ( v φ ) is the asymptotic covariance matrix of the estimates of variance components φ , which can be evaluated as the inverse of the appropriate Fisher information matrix for φ .
Note that this also depends upon whether we are using maximum likelihood (ML) or restricted maximum likelihood (REML) estimates for φ . We used REML estimates for φ , then ( ) A . The MSE estimates of (7) is a special case of (8) when 0
The numerical results reported in Sections 4 are obtained using R version 2.9.2.
Empirical results

Diagnostic procedures
Generally two types of diagnostics procedures are tested in small area estimation, the model diagnostics and the diagnostics for the small area estimates, see for example [1] . The first diagnostics are used to verify the assumptions of underlying model and the second diagnostics are applied to validate the reliability of the model-based small area estimates. estimates for Cat0 to Cat5 data are set out in Figure 2 . The results for bias test are given in Table 3 . It is noteworthy that the model based estimates used in bias tests are based on synthetic model. It is meaningful because it overcomes the shrinkage effect and shows that the deterministic part of the model gives unbiased predictions as do the direct estimates.
The bias diagnostic results in Table 3 clearly show that only the slope for cat4 fails this diagnostic. The plots show that the model-based estimates are less extreme when compared to the direct estimates, demonstrating the typical SAE outcome of shrinking more extreme values towards the average. It has to be noted that districts with extreme direct estimates are mainly those with small sample sizes. Such cases were observed more in the plots belonging to Cat3 to Cat 5.
We computed the coefficient of variation (CV) to assess the improved precision of the Cat 5 out of 69 districts there are 9 districts with no sample data. For these 9 districts we cannot produce the direct estimates, however, model based estimates generated for these districts have reasonably good CV values and that to within the acceptable limit (Table 4 ).
In Table 5 we present the districts-wise 95% confidence intervals of the model-based and the direct estimates. The 95% confidence intervals (CIs) for the direct estimates are calculated assuming a simple random sample generated the weighted proportions.
Obviously, this ignores the effects of differential weighting and clustering within districts that would further inflate the true standard errors of the direct estimates. The standard errors of the direct estimates are too large and therefore the estimates are unreliable. Note that for many districts we can even not produce the confidence intervals due to unavailability of standard errors.
Discussions
The small area estimates diagnostic measures clearly depict that the model-based estimates (i.e. the estimates generated by the SAE approach) are reliable and more stable than the corresponding direct estimates (Figure 3 ). So it is not feasible to have direct estimates and their CI for such cases. In Table 5 there are many districts where there is no direct estimate and their 95% confidence interval. This leaves us with no way except SAE. A critical review of Table 5 shows that in many districts the lower bound (Lower) of will definitely need the estimates generated in this study. The concerned Govt department can use these estimates to allocate the fund to various districts according to the proportion of indebted farmers.
Conclusions
A great deal of theoretical research has been done for the SAE. This is the time for their real life applications and implementation. The method for estimation of proportions for small areas is well developed ([6 and 9]), however, there is limited application in the area of agricultural or social sciences. Further, there is rarely any application to the Indian data.
In this article we demonstrate the application of SAE techniques to estimate the district level statistics of indebtedness for different land holding classes as well as all classes combined together using survey and census data. The diagnostic procedures clearly confirm that the model-based district level estimates for different land holding classes as well as all classes combined together have reasonably good precision. The SAE method has also generated reliable estimates for the districts with no or very small sample sizes such as 1 or 2. This application of small area analysis is the first of its kind with most popular NSSO data in India to estimate the proportions at disaggregate levels. In India, Censuses are usually limited as they tend to focus mainly on the basic socio-demographic and economic data and not available for every time period. The NSSO survey, on the other hand, contributes to providing estimates at the State and National level. They do not provide sub-state level statistics. However, it is known that regional and national estimates usually mask variations (heterogeneity) at the sub-state or district level and render little information for micro level planning and allocation of resources.
These days a lot of emphasis is being given to micro level planning in India. District is an important domain for planning process in the country and therefore availability of district level statistics is vital for monitoring of policy and planning. For example, Govt of India UNDP project on "Capacity Development for District Planning". It expects decentralised planning to improve effectiveness of development programmes. This study produces reliable statistics at micro level using existing surveys and other already available secondary data and can be seen as an indicative example for further applications. Such micro level statistics can be generated without conducting separate survey for this purpose and unlike Census regular estimates can be produced from regular existing surveys. Govt of India currently has number of schemes (for example, Indira Awaas Yojana, Pradhan
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